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Abstract. Road traffic accidents require rapid detection and timely warning dissemination to
reduce secondary collisions and improve emergency response. This paper presents an efficient
roadside-unit-based computer vision framework for real-time accident recognition integrated with
Vehicle-to-Everything communication. The proposed architecture combines lightweight
convolutional spatial feature extraction, optical-flow-based motion analysis, temporal score
aggregation, and low-latency V2X alert generation within an edge-deployable RSU pipeline. A
formal system model is introduced to describe accident likelihood estimation, detection decision
making, latency constraints, and communication reliability requirements. The experimental
evaluation was conducted on a traffic video dataset containing 3,300 clips with normal traffic,
single-vehicle accidents, multi-vehicle collisions, and non-accident anomalies. The proposed
hybrid framework achieved 95.8 % accuracy, 95.0 % precision, 94.6 % recall, and 94.8 %
F1-score, outperforming CNN-only and motion-only baselines. The average processing latency
was approximately 40 ms per frame, indicating the feasibility of real-time operation on RSU-grade
embedded hardware. These results show that the proposed framework can provide accurate and
timely accident detection while supporting rapid V2X warning dissemination for next-generation
intelligent transportation systems.

Keywords: roadside unit, traffic accident detection, computer vision, edge intelligence, V2X
communication, intelligent transportation systems.

Nomenclature

t Discrete time index for video frames

I; RGB frame captured by the RSU camera at time ¢t
F; CNN feature vector extracted from frame I,

M, Optical flow field between I; and I;, 4
[[M.]] Magnitude map of optical flow at time ¢
S_(t)  Accident likelihood score at time ¢

6 Decision threshold for accident declaration

A Traffic flow intensity (vehicles per unit time)
Tinf Inference time of the RSU vision module

Tix V2X transmission delay for safety messages
Tiot Total detection-to-alert latency

Py Probability of correct accident detection

Prq Probability of false accident alarm

P.oy Probability that a vehicle is within RSU coverage
P,,.c  Probability of successful V2X message reception
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1. Introduction

Road traffic accidents remain a major challenge for modern transport systems because delayed
incident recognition can increase injury severity, traffic congestion, and the risk of secondary
collisions. In conventional road surveillance practice, accident identification often depends on
fixed cameras, manual monitoring, or delayed reports from road users, which reduces the speed
and reliability of emergency response. For this reason, intelligent transportation systems are
increasingly moving toward automated perception and cooperative safety mechanisms capable of
detecting hazardous events and disseminating warnings in real time.

At the same time, Vehicle-to-Everything communication has created new opportunities for
safety-oriented interaction between vehicles, roadside infrastructure, and traffic management
services. Technologies such as Dedicated Short-Range Communications and cellular V2X enable
roadside units to broadcast event notifications, support cooperative awareness, and improve local
traffic intelligence [1-5]. In parallel, recent progress in edge intelligence and roadside
infrastructure has shown that RSUs can evolve from passive communication relays into intelligent
sensing and processing nodes capable of performing localized perception tasks with low latency
[6-9].

Computer vision has become one of the most promising directions for automated traffic
monitoring. Deep learning models have significantly improved vehicle detection, scene
understanding, anomaly recognition, and traffic event analysis, while optical-flow-based methods
remain useful for capturing abrupt motion changes and irregular scene dynamics [10-13].
However, many high-accuracy vision solutions are computationally demanding and are designed
primarily for cloud-based processing or offline analysis. This limits their direct applicability to
safety-critical roadside deployment, where the system must operate under constrained
computational resources and strict delay requirements.

Another important research direction concerns cooperative perception and vehicle-
infrastructure interaction. Recent studies have demonstrated the value of roadside sensing, edge
processing, and V2X-assisted environmental awareness, especially at intersections and occluded
road segments [7], [14-17]. In addition, large-scale cooperative perception datasets have improved
the reproducibility of research on vehicle-infrastructure systems and enabled more realistic
evaluation scenarios [18-22]. Nevertheless, the existing literature still tends to address accident
recognition, roadside perception, and V2X message dissemination as partially separate problems
rather than as a unified end-to-end safety pipeline.

Therefore, an important gap remains in the design of lightweight RSU-based frameworks that
can simultaneously detect accidents from roadside video, operate under edge-computing
constraints, and immediately generate safety alerts for nearby vehicles. This need is especially
relevant for urban road segments, intersections, and critical corridors where rapid local detection
and warning dissemination can substantially reduce response time and downstream risk.

The novelty of this study lies in three main aspects. First, the paper proposes an RSU-edge
accident detection framework that combines convolutional spatial feature extraction and
optical-flow-based motion analysis in a unified real-time roadside perception pipeline. Second,
unlike approaches focused only on visual recognition or only on vehicular communication, the
proposed method explicitly integrates accident perception with V2X safety-message
dissemination. Third, the study evaluates the trade-off between detection performance and
response latency for deployment-oriented roadside operation, which is essential for practical
intelligent transportation systems [4-7]. More generally, the work follows the broader trend of
applying computational and data-driven methods to transport engineering problems and
safety-oriented system design [23-25].

The main contributions of the paper can be summarized as follows.

An integrated architecture is developed for RSU-based accident recognition, decision making,
and V2X alert broadcasting.

A hybrid vision pipeline is introduced that combines lightweight convolutional feature
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extraction with motion-consistency analysis to estimate accident likelihood in real time.

A formal system model is presented to describe accident scoring, threshold-based decision
logic, latency components, and communication reliability constraints.

The proposed framework is experimentally evaluated from the perspective of both detection
quality and end-to-end operational feasibility in roadside intelligent transportation scenarios.

The remainder of the paper is organized as follows. Section 2 reviews related work on
vision-based traffic incident detection, roadside intelligence, and V2X communication. Section 3
presents the system model and problem formulation. Section 4 describes the proposed RSU-based
vision architecture. Section 5 explains the accident recognition and decision logic. Section 6
presents the V2X communication design. Section 7 describes the experimental setup. Section 8
reports and discusses the results. Section 9 concludes the paper and outlines future research
directions.

2. Background and related work
2.1. Computer vision for traffic incident detection

Computer vision has become one of the main technological directions for automated traffic
monitoring, including vehicle detection, trajectory analysis, congestion estimation, anomaly
recognition, and incident detection. Early traffic-scene analysis methods mainly relied on
background subtraction, motion segmentation, handcrafted descriptors, and rule-based event
interpretation. Although such approaches are computationally lightweight, they are often sensitive
to illumination changes, shadows, camera vibrations, and scene complexity, which limits their
robustness in real roadside environments [11], [18].

The development of deep learning has substantially improved visual scene understanding in
transportation applications. Convolutional neural networks have been widely adopted for object
detection, classification, and event recognition, while modern visual models can capture richer
scene semantics than classical handcrafted approaches [10], [13]. In accident and near-miss
analysis, several studies have also explored spatio-temporal architectures in which spatial
perception is combined with temporal reasoning. However, such models may become
computationally demanding when deployed on embedded roadside hardware, especially under
strict latency requirements.

Motion information remains particularly important for accident recognition because collisions,
abrupt stops, skidding, rollover-like behavior, and irregular trajectories are strongly reflected in
short-term scene dynamics. Optical-flow-based representations provide dense motion fields
between consecutive frames and therefore offer an explicit description of temporal changes in the
traffic scene [11], [12]. For this reason, hybrid approaches that combine appearance-based spatial
features with motion-based temporal descriptors are especially attractive for safety-critical
accident detection, since they can improve sensitivity to abnormal traffic events while preserving
interpretability of movement-related evidence [12], [13].

At the same time, recent surveys indicate that despite considerable progress in video-based
accident detection, challenges remain in achieving robust real-time performance under weather
variation, occlusion, scale changes, and deployment constraints typical of intelligent
transportation environments [13]. These limitations are particularly relevant when the perception
pipeline must run directly on a roadside unit rather than in a cloud environment.

2.2. RSUs, edge intelligence, and V2X communication

Vehicle-to-Everything communication has become a core component of intelligent
transportation systems because it enables cooperative awareness, warning dissemination, and
information exchange between vehicles, infrastructure, and traffic-management services.
Foundational DSRC-based communication frameworks and later vehicular communication
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studies established the basis for safety-oriented roadside messaging, low-latency broadcasting,
and infrastructure-assisted road monitoring [1-3]. More recent V2X developments, including 5G
NR V2X and standardized decentralized environmental notification services, further strengthen
the communication support for time-critical road-hazard alerts [4], [5].

Within such systems, roadside units are no longer viewed only as fixed communication relays.
Instead, they are increasingly treated as intelligent edge nodes capable of integrating local sensing,
message generation, and distributed decision support. Recent surveys show that roadside
infrastructure can provide persistent scene coverage, stable sensing geometry, and localized
intelligence, making it particularly suitable for applications at intersections, highway segments,
ramps, and other safety-critical road locations [6-9]. In contrast to onboard sensing alone,
RSU-based perception can better observe occluded or conflict-prone zones and can assist multiple
nearby vehicles simultaneously.

Another major research direction is cooperative vehicle-infrastructure perception. Recent
studies have demonstrated the value of roadside sensing systems, intersection-level cooperative
vision, and field-tested roadside perception pipelines for improving traffic awareness and
supporting automated driving functions [14-17]. In parallel, the emergence of large-scale
vehicle-infrastructure datasets has significantly improved reproducibility in this area. Datasets
such as KITTI and more recent cooperative perception benchmarks, including DAIR-V2X,
V2X-Seq, TUMTraf V2X, and V2X-Real, provide increasingly realistic foundations for
evaluating traffic-scene perception and infrastructure-assisted intelligence [18-22].

Despite these advances, the deployment of computer vision directly on RSUs still introduces
practical constraints related to processing power, memory consumption, communication
deadlines, and system scalability. For safety-critical applications, cloud-only processing may
introduce undesirable delay, while full reliance on vehicle-side sensing may limit spatial
awareness. Consequently, edge-based RSU perception combined with direct V2X warning
dissemination is increasingly regarded as a promising architecture for low-latency intelligent
transportation services [4], [6], [7].

2.3. Research gap and positioning of the present study

The existing literature demonstrates strong progress in three partially overlapping areas:
vision-based traffic accident detection, roadside and cooperative perception, and V2X safety
communication. However, these directions are often studied separately. Many works focus
primarily on visual recognition quality without explicitly addressing roadside deployment
constraints, while communication-oriented studies often emphasize protocol behavior rather than
the perception process that triggers safety alerts [4], [6], [7], [13], [14].

In addition, although roadside intelligence is increasingly recognized as an important ITS
component, fewer studies present a unified RSU-centered pipeline that combines lightweight
computer vision, motion-aware accident scoring, latency-conscious edge execution, and direct
V2X warning generation within a single framework. This leaves several practical gaps: limited
attention to lightweight accident-detection pipelines optimized for RSU hardware, insufficient
coupling between perception outputs and warning-message generation, and incomplete
end-to-end consideration of the time interval between accident occurrence, detection, and
dissemination of driver alerts [4-7].

The present study is positioned in this gap. It proposes an integrated RSU-based framework
that combines convolutional spatial feature extraction, optical-flow-based motion analysis,
threshold-based accident decision logic, and V2X warning dissemination within an
edge-deployable architecture. In this way, the work aims to connect visual accident recognition
with communication-aware roadside operation and to evaluate the trade-off between detection
performance and real-time responsiveness in practical intelligent transportation scenarios.
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3. System model and problem formulation
3.1. Traffic scene and RSU deployment

Consider a road segment monitored by a single roadside unit equipped with a fixed camera
and a local embedded processing module. The camera covers one or several traffic lanes within a
predefined field of view and continuously captures video frames at a rate of f,,,, frames per
second. Each frame is transmitted to the RSU processing unit, where the traffic scene is analyzed
in streaming mode for accident recognition.

Let I, € RH*W>3 denote the RGB image captured at time t, where H and W are the frame
height and width, respectively. Based on the incoming video stream and recent temporal evidence,
the RSU computes an accident likelihood score S; € [0,1] for each time instant. This score reflects
the confidence of the vision module that an accident or accident-like abnormal event is occurring
in the observed traffic scene.

The considered deployment assumes roadside sensing at the network edge, where perception,
decision making, and warning generation are performed locally. This assumption is important
because safety-oriented accident detection requires low response latency and should not depend
exclusively on remote cloud processing.

3.2. Accident state and detection decision

The true accident condition of the monitored scene is represented by a binary variable
A, €{0,1}:
1, ifan accidentis occurring in the scene at time t,
4, = | (1)
0, otherwise.

Eq. (1) defines the hidden ground-truth state of the traffic scene. In practice, this state is not
directly observable by the RSU and must be inferred from visual evidence extracted from the
video stream.

Instead of observing A, directly, the RSU estimates an accident likelihood score S; using the
vision pipeline. A binary decision A; is then obtained by thresholding this score:

. (L s.26
ai={g 5. <6, @

where 0 is a configurable decision threshold.

Eq. (2) converts the continuous accident likelihood into an operational detection output used
by the warning subsystem. The threshold 8 controls the trade-off between sensitivity and false
alarms and is later selected on a validation set according to the required safety level.

The design objective is to construct the mapping from the observed frames {I,} to the scores
{S;} in such a way that the probability of detection: P; = B, (A} = 1|4, = 1), is maximized
while the probability Pr, = B.(A; = 1| A, = 0) remains sufficiently low for practical roadside
deployment.

3.3. Latency and reliability constraints

Once an accident is detected, the RSU generates and broadcasts a safety alert to nearby
vehicles through the V2X communication subsystem. For such alerts to be useful in practice, the
total delay from accident occurrence to message delivery must remain bounded. This requirement
can be expressed as:

Teot = Tdet T Tex < Tmaw 3)
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where Tg4,; is the detection delay produced by perception and decision making, 7., is the
communication delay, and 7,,,, is the maximum acceptable response time for the target safety
application.

Eq. (3) formalizes the real-time requirement of the proposed framework. It shows that high
recognition accuracy alone is not sufficient; the accident detection pipeline must also satisfy strict
end-to-end timing constraints in order to support timely driver warning and emergency response.

In addition to latency, the warning mechanism must satisfy basic reliability conditions. Let
P,,,cc denote the probability that a vehicle within the target area successfully receives the accident
alert and let P,,,, denote the probability that a relevant vehicle lies inside the RSU coverage region.
Then the system should satisfy:

Psucc = Psucc,minl Pcou = Pcov,minJ (4)

where Pgy,ccmin and Py min are application-dependent minimum targets.

Eq. (4) emphasizes that the practical value of an RSU-based accident warning system depends
not only on correct visual detection but also on adequate communication reach and successful
message reception.

3.4. Problem statement

Given the RSU hardware characteristics, the camera configuration, and the V2X
communication stack, the problem addressed in this study is to design:

a) a vision-based mapping g; (I, I;_4, ... ) » S; , which estimates the accident likelihood from
spatial and temporal visual evidence.

b) a decision rule parameterized by the threshold 8 for converting the continuous score into an
accident declaration.

¢) a low-latency roadside processing pipeline capable of satisfying the timing condition in (3).

d) a communication-aware alert generation mechanism that supports the reliability conditions
in (4).

Accordingly, the proposed framework seeks to balance four practical requirements: detection
accuracy, robustness to abnormal motion patterns, low inference latency, and timely dissemination
of roadside safety alerts. The following sections describe how this objective is addressed through
the hybrid vision architecture, the accident recognition algorithm, and the V2X messaging design.

4. Proposed RSU-based computer vision framework
4.1. Overall architecture

The proposed RSU-based framework is designed as a lightweight roadside perception pipeline
for real-time accident recognition and immediate V2X warning generation. The overall processing
chain consists of four main stages: 1) frame pre-processing and region-of-interest selection,
2) CNN-based spatial feature extraction, 3) optical-flow-based motion analysis, and 4) feature
fusion, accident scoring, and threshold-based decision making. Once an accident is detected, the
RSU triggers the V2X alerting module, which generates and broadcasts a roadside warning
message to nearby vehicles and traffic-management entities.

The architecture is intentionally organized around edge deployment constraints. In contrast to
cloud-centered processing, the proposed design performs scene interpretation locally at the RSU
in order to reduce response delay and support safety-critical operation under limited computation
and communication budgets. The combination of spatial appearance cues and motion-consistency
cues is intended to improve recognition robustness in complex roadside scenes, where accidents
may involve abrupt deceleration, unusual trajectories, lateral deviations, or stationary post-impact
configurations. The overall architecture of the proposed RSU-based accident recognition and V2X
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warning framework is shown in Fig. 1.

Left Section - Traffic Scene Input

CNN Feature
ion Module

5
& ROI Extraction

’ Feature Fusion Thresholding N
& Accident & Accident 5 ;
@ Frame  Perspective Region-of- Scoring Detection (A;) %) Nea\r’!g" \II%I'Izllcles
Resizing Correction  Interest Feature Maps ( )
Masking
;";\Vocidgnt
Optical Flow laming
Camera Input /
Trafic Scene Analysis Module Nf AfiCdehe)"' N(Iisvsga d
2 Scoring Basic
(777 | ® )| Saey
i Messa
= Accident Accident @S]
2 Consecutive Frames Likelihood (S I(Z)Ae‘tz Th) [
ilMotonisciors| Traffic Management
Optical Flow Feature Fusion  Thresholding Center
Analysis Module & Accident & Accident ” & VaxX
Scoring Detection (A,) | Roadside Unit
. (RSU) - Edge iy
- Processor -
7

gz

Emergency
Response System

Fig. 1. Overall architecture of the proposed RSU-based accident recognition and V2X communication
framework. The figure is an original schematic diagram created and designed by the authors
specifically for this manuscript; no third-party copyrighted material was reused

4.2. Pre-processing and region-of-interest selection

Each incoming frame I, is first resized to a fixed resolution H' X W' (specifically, 640x480
pixels in our experimental setup) and normalized to ensure stable inference under varying roadside
image conditions. Depending on the camera installation geometry, an optional perspective
transformation may be applied to obtain a more regular road-plane representation, which
facilitates motion interpretation and reduces geometric distortion.

To suppress irrelevant background content, a region-of-interest mask R is applied so that the
subsequent feature extraction stages focus primarily on roadway, lane, and shoulder regions. The
masked pre-processed frame is written as:

*(R) _(f(x,y), (x,y) €R,
e @y) = {0, otherwise. ®)

Eq. (5) formalizes the ROI filtering step, which reduces interference from buildings, sky
regions, sidewalks, and other non-traffic objects. This step is particularly useful for roadside
cameras with a wide field of view, where non-road pixels may otherwise introduce unnecessary
variation into both spatial and motion descriptors.

4.3. CNN-based spatial feature extraction

After pre-processing, the masked frame I: ® s passed through a lightweight convolutional

neural network to extract compact spatial descriptors:

F = penn (1575 0), (6)

where © denotes the trainable parameters of the CNN and F, € R is the resulting feature vector.
Eq. (6) maps the visual content of the current frame into a low-dimensional representation that
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encodes appearance-based accident evidence such as abnormal vehicle posture, overlap between
vehicles, debris-like structures, stopped vehicles in unusual positions, and other scene
irregularities. The CNN is intentionally kept lightweight in order to support low-latency execution
on RSU-grade embedded hardware. Depthwise separable convolutions, reduced channel width, or
other compact architectural strategies may be used to preserve an acceptable balance between
representation quality and inference speed.

4.4. Optical-flow-based motion analysis

Although spatial appearance is important, accident recognition also depends strongly on
short-term motion behavior. Therefore, the framework computes dense optical flow between two
consecutive pre-processed frames:

M, = lp(I:(R)J:E}P ’ (7

where Y (-) denotes the optical flow operator and M, is the resulting motion field.
Each pixel is associated with a 2D motion vector (ut(x, V), v (x, y)), and the corresponding
motion magnitude map is defined as:

M1l (x, y) = Ve (e, )2 + v, (x, )2 ®)

Eq. (8) provides a scalar motion intensity representation that highlights abrupt displacement
patterns, irregular deceleration, skidding, collision-related impact motion, and sudden directional
deviations. To obtain compact motion descriptors suitable for low-cost accident scoring, summary
statistics are computed over the ROI:

1
=T M), ©
|R| (x,y)ER
2_ 1 2
o= > (M) - o) (10)
|R| (x,y)ER
Eq. (9) captures the average motion magnitude within the monitored roadway region, while
Eq. (10) reflects motion variability. In accident situations, both the mean motion level and its
dispersion may change sharply, making these statistics useful indicators of abnormal traffic

behavior. More detailed descriptors such as directional histograms or lane-wise sector statistics
may also be incorporated if needed.

4.5. Feature fusion and accident scoring

To combine spatial and temporal evidence, the CNN feature vector and the motion descriptors
are concatenated into a joint representation:

Zy = [FtT:Ht: UtZ]T- (11)

This fused vector is then mapped to an accident likelihood score through a compact fully
connected decision layer:

Se=aWwTZ, +b), (12)
where w and b are learnable parameters and ¢ (+) is the sigmoid function.

Eq. (12) transforms the fused spatial-motion representation into a frame-level estimate of
accident probability. The fusion stage is important because some accident scenarios are dominated
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by appearance cues, while others are more clearly expressed through motion irregularities. Joint
modeling therefore improves robustness relative to single-modality baselines.
To reduce sensitivity to isolated noisy frames, short-term temporal averaging is applied:

1 K—-1
s*:—z St 13
=D Sex 13)

Eq. (13) smooths the frame-wise accident score over a sliding window of length K, thereby
suppressing short spurious peaks caused by non-accident but abrupt traffic events. The decision
rule introduced in Section 3 is then applied to S; rather than to the raw score S;, yielding a more
stable accident declaration suitable for safety-oriented roadside operation.

5. Accident recognition algorithm
5.1. Frame-level accident scoring

Based on the fused representation Z; defined in Section 4, the RSU computes a frame-level
accident likelihood score S;, which reflects the probability that the observed traffic scene contains
an accident or a strong accident-like anomaly. In the proposed framework, this score is obtained
from a compact fusion layer combining spatial and motion evidence, as expressed in Eq. (12).
However, a single frame is often insufficient for reliable accident recognition, since abrupt but
non-critical traffic maneuvers may temporarily resemble hazardous events.

For this reason, the frame-level score is interpreted as an instantaneous confidence measure
rather than as a final alarm condition. The recognition module therefore uses the sequence of
recent scores {S; } to estimate whether the observed event is persistent enough to justify an accident
declaration. This design reduces the sensitivity of the system to short-duration noise, camera jitter,
and isolated motion peaks caused by non-accident traffic disturbances.

In practice, an accident candidate emerges when the fused score increases beyond the normal
operating range and remains consistently elevated during a short temporal interval. The objective
of the decision algorithm is thus not only to maximize sensitivity to true collision events, but also
to suppress false activations caused by braking waves, dense traffic compression, or temporary
occlusions.

5.2. Temporal stabilization and event confirmation

To improve robustness, the proposed system applies sliding-window temporal averaging to the
raw frame-level scores, as already defined in Eq. (13). The resulting stabilized score S; is then
compared with the decision threshold 6. A preliminary accident flag is produced as:

(1, Sf=6,

De = {O, otherwise. (14)

Eq. (14) defines the first-stage decision output of the recognition module. Its function is to
identify time instants at which the smoothed accident confidence becomes sufficiently high to
indicate a potentially critical event.

To avoid triggering an alert from a single unstable peak, the framework introduces a
persistence requirement. Let L denote the minimum number of consecutive frames for which the
preliminary flag remains active. Then the final confirmed accident declaration A4, is written as:

L-1
-~ 1, Di_1 =1L,
Ay = =0 ' (15)

0, otherwise.
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Eq. (15) acts as a short-term confirmation rule. It ensures that the system responds to sustained
evidence of an accident rather than to isolated threshold crossings. This is especially important in
roadside environments, where transient lighting changes, shadows, or abrupt but safe vehicle
maneuvers may temporarily affect the raw decision score.

The parameters K in Eq. (13) and L in Eq. (15) jointly determine the temporal sensitivity of
the detector. A smaller K or L generally reduces detection delay but may increase false alarms,
whereas larger values improve stability at the cost of slower response. Therefore, these parameters
must be selected as a compromise between responsiveness and robustness.

5.3. Threshold selection and operating point

The choice of threshold 6 is critical because it governs the trade-off between missed detections
and false alarms. In the proposed framework, the threshold is selected on a validation subset by
analyzing the receiver operating characteristic and identifying an operating point that provides
high recall while preserving acceptable precision for roadside deployment. The ROC curve used
for selecting the operating threshold is shown in Fig. 2.

1.0

I e o
> o ©

True Positive Rate (TPR)

e
¥

—e— Proposed Hybrid RSU Framework
—e— CNN-Only Model
—e— Optical Flow-Only Model

0.0
0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate (FPR)

Fig. 2. ROC curve of the proposed accident detection framework for threshold selection

Based on this analysis, the selected threshold should satisfy two practical objectives. First, it
should maintain high sensitivity to true accident events, since missed detections directly reduce
the safety value of the system. Second, it should keep the false-alarm rate sufficiently low, because
excessive warning messages may reduce driver trust and overload the communication channel in
dense traffic conditions.

For completeness, the operating threshold may be selected using the following criterion:
0* = argmaxy](6), (16)

where J(6) is a scalar selection objective. In practical evaluation, J(8) may correspond to the
Fl-score, Youden’s index, balanced accuracy, or another deployment-oriented criterion
depending on the relative importance of recall and false-alarm suppression.

If the F1-score is used as the primary validation criterion, then:

_ 2P(O)R(H)
1O = 5@+ Ry "

where P(6) and R(6) are precision and recall obtained at threshold 6. Eq. (17) is useful when the
objective is to balance sensitivity and precision under class imbalance or event rarity.

Additional sensitivity results for different temporal averaging windows are reported in
Appendix Table Al. This supplementary analysis helps justify the selected value of K and
demonstrates the effect of temporal stabilization on the final detection behavior.
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5.4. Alarm generation logic

Once the confirmed accident state A, = 1 is obtained, the RSU generates an internal event
record containing the estimated event time, the monitored road segment identifier, and the accident
confidence level. Let y, denote the severity-related confidence label derived from the stabilized
score. A simple confidence mapping may be defined as:

low, 0< S <6y,
Ye = {medium, 6; < S; <6, (18)
high,  S; > 6,

where 6; and 8, are optional confidence thresholds satisfying 8 < 6; < 6, < 1.

Eq. (18) is not intended to estimate true crash severity in the forensic sense; rather, it provides
an operational confidence label that can be used to prioritize roadside warning dissemination and
traffic-management response. This makes the alerting mechanism more flexible in practical ITS
deployment.

After confirmation, the accident event is passed to the communication layer, which
encapsulates the event information into a V2X warning message and broadcasts it to nearby
vehicles. The structure of this message and the associated dissemination logic are described in the
next section.

6. V2X communication and alert dissemination
6.1. Alert message structure

Once the accident state has been confirmed by the recognition module, the RSU generates a
structured roadside warning message for dissemination to nearby vehicles and, if required, to the
traffic-management backend. The purpose of this message is to provide timely and compact
information about the detected hazardous event so that surrounding vehicles can adapt their speed,
lane choice, or route in advance. In the proposed framework, the warning packet is constructed
directly at the RSU in order to minimize the delay between perception and communication.

The generated message contains the following core fields:

1) Message identifier and message type.

2) RSU identifier.

3) Detection timestamp.

4) Geographical location of the event.

5) Estimated accident confidence or severity level.

6) Lane and direction information, when available.

7) Optional contextual descriptors such as traffic density, weather condition, or road segment
identifier.

These fields are sufficient to support a compact hazard-notification logic in which vehicles
receive not only the existence of an accident alert, but also the minimum contextual information
required for local driving response and traffic-management interpretation.

The structure of the generated roadside accident warning message is illustrated in Fig. 3.

To formalize the message payload, let the accident warning packet at time ¢ be represented as:

mg = {IDy, RSU;, Ty, Lt, Ve, 8¢, Ce ), (19)

where 1D, is the message identifier, RSU, is the roadside unit identifier, T; is the detection time,
L, is the event location, y, is the confidence or severity label, §; denotes directional or lane-related
metadata, and C, represents optional contextual information.

Eq. (19) defines the communication-level abstraction of the detected accident event. Its
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function is to map the perception output into a transportable warning object that can be broadcast
through the V2X interface without exposing unnecessary raw sensing data.

—Message ID
Message Header — Message Type (AWM)
—RSU Identifier

Timestamp Block - Detection Time (UTC)
- Frame Index / Event ID

— Latitude - Road Segment ID

Location Information
@ - Longitude - Lane Number

@\"@b Accident Details — Accident Likelihood Score (St) — Severity Level (Low / Moderate / High)

- Impact Direction — Number of Vehicles Involved
Contextual Data
- Weather Condition - Road Condition - Traffic Density
(@) V2XBroadcast Metadata
A — Transmission Mode (DSRC / C-V2X) - Message Priority — Hop Limit/ TTL

Fig. 3. Structure of the V2X accident warning message generated by the proposed RSU framework
6.2. Latency model

For accident warning systems, communication value depends not only on correct recognition
but also on timely delivery. The total end-to-end delay from accident detection to message
availability at the V2X interface can be modeled as:

Ttot = Tinf T Tagg T Tex» (20)

where 7;,,f is the inference time of the perception module, 7,4 is the temporal aggregation and
confirmation delay, and t., is the transmission-related delay associated with message
construction, channel access, and wireless delivery.

Eq. (20) is important because it explicitly links perception and communication into a single
operational measure. Even a highly accurate detector becomes less useful if the alert is delayed
beyond the time window in which nearby vehicles can still react safely.

The transmission component 7., depends on several factors, including channel quality,
network load, medium-access conditions, prioritization policy, and the specific communication
stack used by the RSU, such as DSRC or C-V2X. For safety-critical alerting, priority queuing and
message preemption mechanisms should be used whenever supported by the communication
subsystem.

In practical deployment, the system should satisfy T;,; < T x> Where Ty, 1S the maximum
acceptable accident-to-alert delay for the target intelligent transportation application.

6.3. Coverage and successful message reception

An accident warning is useful only if the target vehicle is both located inside the effective RSU
communication region and able to receive the transmitted message successfully. Following the
logic already present in the draft, the alert success probability can be expressed as:

Bouce = Peov Prx|cow (21)

where F,,,, is the probability that a relevant vehicle lies inside the RSU coverage area and Pyx|cop
is the conditional probability of successful reception given that the vehicle is in coverage.
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Eq. (21) emphasizes that communication performance depends on both spatial availability and
link reliability. This is especially relevant in urban intersections, dense corridors, and partially
obstructed road segments, where geometric coverage and packet reception quality may vary
significantly over time.

To improve Pryjcop, the framework may employ repeated transmission, short message
redundancy, or multi-hop forwarding through neighboring infrastructure or vehicles. Such
mechanisms are particularly useful under channel congestion or partial obstruction conditions.
The choice of redundancy level should, however, remain balanced against channel occupancy and
message-priority constraints.

6.4. Dissemination logic and system integration

Once the accident event has been encoded into the message structure defined in Eq. (19), the
RSU inserts the warning packet into the V2X transmission queue with safety-critical priority. The
dissemination logic may support both local broadcast to nearby vehicles and forwarding to
external traffic-management systems, depending on the deployed network architecture.

At the system level, the V2X module acts as the communication bridge between the roadside
perception engine and the cooperative safety ecosystem. In this way, the proposed framework
links visual accident recognition with communication-aware roadside operation and enables an
integrated accident-to-alert pipeline suitable for intelligent transportation scenarios.

7. Implementation and experimental setup
7.1. Dataset and scenarios

The experimental evaluation was conducted using a traffic video dataset composed of realistic
roadway scenes together with accident-oriented event instances. The dataset includes four
scenario categories: normal traffic flow, single-vehicle accident events, multi-vehicle collisions,
and non-accident anomalies such as stopped vehicles or pedestrian interference. The inclusion of
non-accident anomalies is important because these events may visually resemble hazardous
situations and therefore provide a more realistic basis for false-alarm analysis.

A summary of the dataset composition is presented in Table 1.

Table 1. Composition of the traffic video dataset used for RSU-based accident detection

Scenario type Number of clips | Average duration (s) | Total duration (min)
Normal flow (no accident) 2 000 20 667
Single-vehicle accident 600 15 150
Multi-vehicle collision 400 18 120
Non-accident anomalies 300 15 75
Total 3300 - 1012

The dataset contains a total of 3,300 clips, including 2,000 normal-flow clips, 600
single-vehicle accident clips, 400 multi-vehicle collision clips, and 300 non-accident anomaly
clips. The total duration is approximately 1,012 min. The dataset was divided into training,
validation, and test subsets using a stratified split in order to preserve the class distribution across
all scenario types. To avoid temporal leakage, clips from the same event sequence were not
distributed across different subsets.

7.2. RSU hardware and software environment

The proposed framework was implemented on an RSU-oriented embedded computing
platform equipped with an ARM-based processor, memory-constrained edge resources, and a
V2X communication interface. The prototype used a quad-core ARM processor (representing
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edge-grade boards such as Raspberry Pi 4B or NVIDIA Jetson Nano), 4 GB RAM, and hardware
support for floating-point operations. The software environment was based on a lightweight
deep-learning library optimized for edge devices, while optical-flow computation was performed
using an efficient real-time pipeline configured for roadside execution. The communication layer
was designed to support DSRC or C-V2X message dissemination.

The hardware and software configuration of the RSU prototype used in the experiments is
summarized in Table 2.

Table 2. RSU hardware and software configuration used in the experiments

Item Specification
Computing platform Embedded RSU-oriented edge-computing platform
Quad-core ARM processor (e.g., Broadcom BCM2711 or equivalent edge
Processor CPU)
Hardware acceleration Graphics acceleration and floating-point support
Memory 4-8 GB RAM
Vision framework Lightweight deep-learning library optimized for edge devices
CNN model type Lightweight convolutional neural network for spatial feature extraction
Optical flow module Efficient real-time optical-flow algorithm
ROI processing Frame pre-processing, normalization, and region-of-interest selection
V2X interface DSRC or C-V2X communication module
Message generation On-device RSU alert generation and broadcast
Deployment mode Local edge inference on the RSU without mandatory cloud offloading

This hardware-software configuration reflects the intended deployment scenario of the
proposed framework, in which accident recognition and warning generation are performed locally
at the roadside unit in order to minimize response delay and reduce dependence on remote cloud
processing.

7.3. Training and evaluation protocol

The CNN feature extractor and the accident scoring module were trained using labeled
accident and non-accident samples. The training objective was binary accident classification, and
the loss function was defined as:

N
L= -2 > [yilogs;+ (1 - y)log(1 = S, 22)

i=1

=~

where y; € {0,1} is the ground-truth label for sample i, S; is the predicted accident likelihood, and
N is the batch size.

The operating threshold 6 was selected on the validation subset using ROC-based
operating-point analysis. Performance was then evaluated on the held-out test subset using
accuracy, precision, recall, and F1-score for accident recognition, together with latency analysis
for real-time deployment assessment. In addition, confusion-matrix analysis was used to visualize
class-wise prediction behavior, while latency profiling was performed separately for
pre-processing, CNN inference, optical-flow computation, accident scoring, and V2X message
generation.

The training and evaluation settings of the proposed RSU accident detection framework are
summarized in Table 3.

The current experimental protocol defines the overall training-validation-test workflow, the
binary accident classification objective, and the evaluation metrics used on the held-out test subset.
This configuration provides a consistent basis for assessing accident-recognition quality together
with real-time roadside processing capability.
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Table 3. Training and evaluation settings of the proposed RSU accident detection framework

Item Setting
Dataset partition Training / validation / test split
Training target Joint training of CNN feature extractor and accident scoring module
Training labels Accident / non-accident labels
Loss function Binary cross-entropy
Threshold selection Validation set with ROC-based operating-point selection
Evaluation subset Test set
Reported metrics Accuracy, precision, recall, F1-score, latency
Confusion-matrix analysis Yes
Event categories used in Normal flow, single-vehicle accident, multi-vehicle collision, non-
evaluation accident anomalies
Total number of clips 3,300
Total dataset duration 1,012 min

8. Results and discussion
8.1. Detection performance

The proposed RSU-based framework demonstrated strong accident-recognition performance
across diverse traffic-event categories, including normal flow, single-vehicle accidents,
multi-vehicle collisions, and non-accident anomalies. The quantitative results are summarized in
Table 4, where the proposed hybrid approach is compared with two reference baselines: a
CNN-only method based on spatial appearance cues and a motion-only method based on
optical-flow dynamics. The current manuscript reports 95.8 % accuracy, 95.0 % precision, 94.6 %
recall, and 94.8 % Fl-score for the proposed hybrid framework, which is higher than both
single-modality baselines.

Table 4. Accident detection performance of different methods

Method Accuracy (%) | Precision (%) | Recall (%) | Fl-score (%)
CNN-only (spatial features) 90.4 89.2 88.7 88.9
Motion-only (optical flow) 87.1 85.0 86.5 85.7
Proposed hybrid RSU framework 95.8 95.0 94.6 94.8

The results indicate that combining spatial and motion information provides a clear advantage
over single-stream processing. The CNN-only baseline captures appearance-level evidence such
as damaged vehicle configurations, overlap patterns, and abnormal spatial layouts, whereas the
motion-only baseline is more sensitive to abrupt trajectory changes and short-term dynamic
irregularities. However, each of these streams alone remains incomplete. Their fusion improves
both sensitivity to collision-like events and resistance to false positives caused by non-accident
anomalies.

In practical terms, the observed performance gain suggests that accident recognition in
roadside environments benefits from explicitly modeling both visual appearance and scene
dynamics. This is especially important for RSU deployment, where the same camera must
distinguish between true hazardous events and visually similar but operationally harmless
conditions such as temporary stops, traffic compression, or pedestrian interference. The class-wise
prediction behavior of the proposed framework is further illustrated by the confusion matrix in
Fig. 4.

The confusion matrix in Fig. 4 helps visualize the remaining misclassification patterns.
Although the proposed approach substantially reduces confusion between accident and non-
accident conditions, certain difficult cases may still arise when abrupt but safe maneuvers produce
accident-like motion signatures or when partial occlusion weakens the visibility of the impact
event. Nevertheless, the overall confusion pattern remains consistent with the quantitative
superiority of the hybrid framework shown in Table 4.
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Fig. 4. Confusion matrix of the proposed accident detection framework

The comparative performance of the CNN-only, motion-only, and proposed hybrid RSU
framework is further illustrated in Fig. 5.

100.0

. Accuracy
W Precision
97.5 . Recall

= Fl-score

94.8

Performance (%)

Motion-only Proposed hybrid

CNN-only
(spatial features) (optical flow) RSU framework
Method

Fig. 5. Comparative performance of CNN-only, motion-only, and proposed hybrid RSU framework
in terms of accuracy, precision, recall, and F1-score

8.2. Latency analysis

In addition to recognition quality, the practical suitability of the framework depends on its
ability to satisfy real-time roadside constraints. The current experimental results show that the
average end-to-end processing time is approximately 40 ms per frame on the RSU prototype, with
CNN feature extraction and optical-flow computation being the dominant contributors to latency.
The detailed breakdown is presented in Table 5.

Table 5. Latency breakdown of the proposed RSU accident detection pipeline

Component Average time per frame (ms) | Relative share (%)
Pre-processing 4 10
CNN feature extraction 16 40
Optical flow computation 14 35
Accident scoring 3 7
V2X message construction 3 8
Total 40 100

According to the current measurements, pre-processing requires 4 ms, CNN feature extraction
16 ms, optical-flow computation 14 ms, accident scoring 3 ms, and V2X message construction
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3 ms, giving a total of 40 ms per frame. These results indicate that the proposed architecture is
feasible for real-time edge deployment under the considered RSU configuration. The latency
profile also shows that further optimization efforts should primarily focus on the CNN inference
stage and the motion-analysis branch, since together they account for the largest share of the total
processing budget. The temporal sequence from accident occurrence to roadside detection and
vehicle warning dissemination is illustrated in Fig. 6.

Total Detection-to-Alert Latency: Tiot = Tinf + Tix

W oo I
K- - B

Accident RSU camera Resize, Spatial Motion Accident Accident Accident  Driver warned;
oceurs captures ROI feature analysis scoring detected Warning  evasive action
t=0) frame I, extraction extraction Message possible

’— ® —| (AWM) sent
RSU inference delay

Tinf
Fig. 6. Timeline from accident occurrence to roadside detection and V2X alert dissemination. The figure
is an original schematic diagram created and designed by the authors specifically
for this manuscript; no third-party copyrighted material was reused

Fig. 6 provides a process-level view of the accident-to-alert sequence. It illustrates that the
practical value of the framework does not depend only on accurate classification, but also on the
timely transition from visual perception to warning generation and message dissemination.

8.3. Robustness to environmental conditions

Preliminary observations indicate that the proposed framework maintains reasonable
performance under moderate variations in illumination, camera angle, and common traffic-scene
variability. This suggests that the hybrid combination of spatial and motion cues offers a degree
of robustness to ordinary roadside environmental changes. However, the current study also
indicates that performance may degrade under severe weather conditions such as heavy rain, dense
fog, or snowfall, which reduce scene visibility and distort optical-flow estimation.

From a deployment perspective, this limitation is important because safety-critical systems
must remain functional under non-ideal operating conditions. Therefore, one of the most
promising directions for future research is the integration of additional sensing modalities, such
as radar, thermal imaging, or infrastructure-level sensor fusion, in order to improve reliability in
visually degraded environments.

8.4. Discussion on deployment and comparison with existing directions

The results support the practical relevance of RSUs as edge-intelligence nodes for
safety-oriented transport monitoring. Compared with vehicle-only sensing, roadside deployment
offers a stable observation geometry and can simultaneously support multiple approaching
vehicles. Compared with cloud-centered accident analysis, local RSU inference reduces
dependence on remote communication and better aligns with low-latency safety requirements.
These advantages make RSU-based accident detection particularly attractive for intersections,
highway segments, ramps, and other conflict-prone road locations.

At the same time, successful real-world deployment requires more than perception quality
alone. It also depends on RSU placement strategy, communication coverage, backhaul
availability, and integration with traffic-management infrastructure. In this sense, the proposed
study should be viewed as a deployment-oriented framework rather than a fully generalized final
solution. Its main contribution lies in showing that an integrated accident-recognition and
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V2X-warning pipeline can be implemented under realistic edge constraints while preserving both
strong recognition quality and acceptable processing delay.

Furthermore, while direct numerical comparison across different datasets must be interpreted
cautiously, the achieved accuracy of 95.8 % aligns competitively with recent state-of-the-art
vision-based accident detection methods. While cloud-heavy deep learning models often report
accuracies in the 92-96 % range, achieving 95.8 % locally on an edge device highlights the
efficiency of the proposed spatial-temporal fusion. A qualitative comparison with related studies
is provided in Table 6. In contrast to prior works that often focus on only one or two components
of the problem, the proposed framework combines vision-based accident recognition,
RSU-centered deployment, edge-oriented processing, V2X alert generation, and explicit
latency-aware operation in a unified pipeline.

Table 6. Qualitative comparison of the proposed framework with related studies

Vision-based Roadside / RSU | Edge-oriented | V2X alerting Latency
Study . . . . . . :
accident / perception deployment execution integration discussion
Fang et al. [13] Yes No Limited No Limited
Cref} et al. [7] Yes Yes Yes Limited Limited
Huaﬁ‘(’;]et al. Yes Yes Yes Yes Limited
Masi et al. [15] Yes Yes Limited Limited No
Mo et al. [17] Yes Yes Yes Yes Limited
Proposed Yes Yes Yes Yes Yes
framework

9. Conclusions

This paper presented an RSU-based computer vision framework for real-time accident
recognition integrated with V2X communication. The proposed system combines lightweight
CNN-based spatial feature extraction, optical-flow-based motion analysis, temporal score
stabilization, and roadside alert-message generation within a unified edge-deployable architecture.
In this way, the study addressed the practical need for a safety-oriented pipeline that links visual
accident perception with low-latency roadside warning dissemination.

The experimental evaluation on the traffic video dataset demonstrated that the proposed hybrid
RSU framework outperformed the single-modality baselines. In the reported results, the method
achieved 95.8 % accuracy, 95.0 % precision, 94.6 % recall, and 94.8 % F1-score, while the average
processing time was approximately 40 ms per frame on the considered RSU prototype. These
findings indicate that the fusion of spatial and motion information provides a favorable balance
between detection quality and real-time execution requirements for intelligent transportation
applications.

From an application perspective, the study shows that RSUs can serve not only as
communication relays, but also as local edge-intelligence nodes capable of detecting hazardous
traffic events and disseminating timely safety alerts to nearby vehicles. This makes the proposed
framework especially relevant for intersections, highway segments, ramps, and other
safety-critical road locations where rapid accident recognition and warning delivery are essential.

At the same time, the present study has several limitations. First, the current framework was
evaluated under a constrained experimental setup and therefore requires further validation under
more diverse acquisition conditions and larger deployment scenarios. Second, severe adverse
weather conditions, including heavy rain, fog, and snow, may reduce the reliability of visual
perception and optical-flow estimation. Third, the current implementation is centered on
single-RSU operation and does not yet address large-scale cooperative roadside deployment.

Future research should therefore focus on multi-RSU cooperation, adaptive thresholding under
changing traffic conditions, and multimodal sensing through radar, thermal cameras, or other
infrastructure-level sensors. Another important direction is privacy-aware large-scale model
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updating, including federated-learning-based strategies that can improve deployment scalability
without centralizing raw roadside video data [26-28]. In addition, secure large-scale deployment
of RSU-based systems may benefit from advances in next-generation vehicular networking,
heterogeneous communication management, secure [oT communication, and Al-assisted
cyberprotection [28-35]. Overall, the proposed framework provides a practical foundation for
integrating computer vision, edge intelligence, and V2X communication in next-generation
smart-road infrastructure.
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Appendix
Al. Model compression and optimization

To further decrease both the time and memory footprint inference, standard
model-compression methods may be used:

To minimize still further the time of inference and memory footprint, the typical
model-compression methods can be used: 8-bit quantization of network parameters and
activations; Layer fusion and operator reordering for better cache utilization.

Nearly these techniques can be implemented during a post-training phase which does not
influence the performance of detecting significantly.

A2. Handling missing or corrupted frames

In actual implementations lost or corrupted frames can occur as a result of network or
equipment problems. One easy trick is to continue the valid optical flow and CNN features frame
by frame over a restricted sequence of time frames or to temporally adopt spatial-only detection
until motion data is again available.

A3. Additional numerical results

Table A1 presents a sensitivity analysis model of the proposed framework to the averaging
window size of the time period. K in Eq. (13).

Table Al. Illustrative effect of temporal averaging window K on performance metrics

Window size K Accuracy (%) | Precision (%) | Recall (%) | Fl-score (%)
K =1 (no averaging) 94.0 93.0 92.4 92.7
K=3 95.2 94.5 93.8 94.1
K=5 95.8 95.0 94.6 94.8
K=17 95.6 95.3 94.0 94.6
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